Person-fit or appropriateness measurement is concerned with identifying persons whose item score patterns on a test are unusual (aberrant) given what is expected based on an item response theory (IRT) model or the score patterns of the other (nonaberrant) (Levine & Rubin, 1979) , membership in a subgroup that was initially not identified as relevant for the investigation (e.g., a subgroup suffering from a language deficiency; van der Flier, 1982) , scoring and other clerical errors (Hulin, Drasgow, & Parsons, 1983) , and deficiency in some of the traits required to solve the items from a subdomain in ability and achievement tests (Tatsuoka, 1985) .
Many methods for the detection of aberrant response patterns have been proposed (e.g., Drasgow, Levine, V'Villi~~s, McLaughlin, & Candell, 1989 ; Klauer & Rettig, 1990; Levine & Rubin, 1979; Molenaar & Hoijtink, 1990; Trabin & Weiss, 1983; van der Flier, 1982;  Wright & Stone, 1979) . All methods are particularly sensitive to item score patterns that have correct or keyed responses (scored as Is) for relatively difficult items and incorrect or not keyed responses (Os) for relatively easy items. This generally accepted approach to aberrance is in accordance with Guttman's (1950) scalogram model that excludes all item score patterns in which at least one item pair has a 0 score for the easier item and a 1 for the more difficult item in the pair.
The present study extended the work of Reise & Due ( 1991 ) . They investigated the influence of three test characteristics on decisions about the fit of item score patterns. Using simulated data, they studied the influence of test length, the spread of the item difficulties, and the degree of aberrance on the power of the standardized log-likelihood statistic (h) (Drasgow, Levine, & Williams, 1985) for person-fit evaluation in the context of the three-parameter logistic model (3PLM; e.g., Lord, 1980, p. 12). Model-fitting response vectors (FRV) were generated according to the 3PLM. Nonfitting response vectors (NRV) were generated under the 3PLM using items that had a weaker discrimination than the items used for generating the FRVs. Using lz, Reise & Due ( 1991 ) (Lord, 1980, p. (Meijer, Sijtsma, & Smid, 1990; Mokken & Lewis, 1982 Rosenbaum (1987) and Grayson (1988) .
Several nonparametric IRT and non-IRT person-fit statistics have been proposed (see Hamisch & Linn, 1981 , for a comparative study of six such statistics.) This study was concerned with the power of the U3 statistic (van der Flier, 1980 Flier, , 1982 Flier, 1980, 1 ~~~) .
In nonparametric IRT, the I~s are not parametrically defined (Mokken, 1971, pp. 115-117; Rosenbaum, 1987) and, consequently, the discriminating power of an item cannot be estimated numerically.
As a result, the concept of item discrimination is not useful in practical applications of nonparametric IRT. The reliability of an item, however, can be substituted for its discrimination (Meijer, Sijtsma, & Molenaar, 1993) (1980, 1982) developed the person-fit statistic U3 in the context of the nonparametric model of double monotonicity. Let P denote a probability, and let X denote the binary (0,1) score on item ~. P(X) denotes the probability of a specific item score patt~r~ ~ = (~~ ~ ..... X,,) as estimated from the marginal distribution, and n denotes the proportion correct score on item g (g = 1,.... 9 ~) in the population of interest. Let r denote the realization of the. total score (X = r) . (Lord, 1980, p. (Sijtsma & Molenaar, 1987) Table 1 is the mean pg in one test averaged across these four replications. Table 1 shows that as a increased the mean p, increased for both k = 17 and k = 33. This result agrees with results from an analytical study by I~ei~er et al. (1993) .
Note that a = 5.0 corresponds to a mean pg of approximately .60 (Table 1) . Consequently, even with a very high a the data contained many item score patterns that were not perfectly scalable. 
